Abstract. The widely used amplitude spectral subtraction for speech enhancement suffers from the unreasonable assumption that the phase spectra of clean speech and noise signal must being uniform. To avoid this problem, Zhu has presented an extensive analysis of amplitude spectral subtraction, and proposed a quantitative analysis based speech spectral recovery (QASSR) approach. However, the residual noise of QASSR approach is still highly perceptible due to the small suppression ratio in speech absent periods. In this paper, a modified algorithm for speech amplitude spectral estimation is proposed by incorporating the decision-directed (DD) method and soft decision technique. Firstly, the a priori SNR in each frame and frequency bin is estimated using the DD method, and then an over attenuation factor is derived from the soft decision technique to further suppress the residual noise in noise-only frames. The performance of our proposed algorithm is evaluated and compared with that of QASSR approach, and the simulation results showed the improved performance of the proposed algorithm in various noise conditions.
Introduction
The performance of most speech processing systems is degraded by various background noises. The easiest way to alleviate such interference of noise is to employ a speech enhancement technique, in which the noise is reduced as much as possible to recover the original clean speech. In the recent decades, a vast amount of speech enhancement algorithms have been proposed and developed. Such as singular value decomposition (SVD) or singular value decomposition (EVD)-based subspace method, Wiener filter method, minimum mean-square error (MMSE) spectral amplitude estimator approach and so on [1] [2] [3] [4] [5] [6] . Among these speech enhancement methods, the most widely used algorithm is so-called amplitude spectral subtraction technique, which recovers the clean speech spectral by subtracting the noise spectral from noisy signal [7] . The traditional amplitude spectral subtraction works under the basic assumption that the phase spectra of noise signal and clean speech should being uniform. But many studies have shown that such assumption is commonly incorrect as the phase spectral of clean speech and noise are randomly distributed between 0~2 . To avoid this unreasonable assumption, a QASSR method has been proposed to estimate the clean speech spectral based on a quantitative analysis for the effect of noise signal on speech spectra [8] . This method improves the speech enhancement performance effectively without any conditional assumption on the phase spectral. In the QASSR method, however, the minimum suppression ratio for the background noise is set to 0.25, which leads to much residual noise in the enhanced speech signals and thus degrades the performance of the speech enhancement system.
In this paper, we propose a modified algorithm to improve the performance of QASSR method by incorporating the DD and soft decision technique. Firstly, DD method is used to estimate the a priori SNR in each frame and frequency bin, and then an over attenuation factor is achieved by using the soft decision technique, which can further suppress the residual noise in speech absent periods. The results of experiments and simulations verify the superiority of our proposed approach compared to that QASSR method in different noise scenarios and SNR levels.
The Amplitude Spectral Subtraction and QASSR Approach
It is supposed that the noise signal is additive and let y(t), s(t) and d(t) denote the noisy speech, clean speech and noise signals, respectively. Then, y(t) can be written as
Applying an N-point Discrete Fourier Transform (DFT) to the noisy speech signal, we can get
where m is the time frame index, and k is the frequency-bin index. The equation above can be expressed as the following polar form It is assumed that the phase spectra of clean speech and noise signal are uniform, i.e.
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Then the speech amplitude spectral can be derived as follows
After applying the phase spectral of noisy speech to the result above, the estimation of clean speech signals can be obtained in time domain using an N-point IDFT. This is the basic principle of amplitude spectral subtraction, which subtracts noise amplitude spectral from the noisy amplitude spectral based on the assumption that the phase spectra of clean speech and noise signal must being uniform. However, many researches have showed that both of the clean speech and noise phase spectral are randomly distributed between 0~2 , and the uniformity assumption is commonly incorrect. And thus, it will definitely bring lots of errors to the estimated speech amplitude spectral under thus unreasonable assumption. To solve this problem, a QASSR method was proposed in [8] , which does not need any conditional assumption on the phase spectral. It improves the speech enhancement performance effectively by analyzing the effect of noise on the clean speech amplitude, and computes the amplitude spectral of clean speech by resolving a third-order polynomial equation. The QASSR method can be expressed as follows.
From equation (3), we can easily get
As the phase spectral of noise signal is randomly distributed between 0~2 , the expectation of noisy amplitude spectral can be written as (To keep it simple , the frame index and frequency-bin index m and k are omitted in the following equations)
where f(|D|) is the probability distribution function of |D|, and θ = θ s -θ d denotes the phase difference between the clean speech and noise. With the approximation that
where F(|D|) being an integral function with respect to the phase difference, we can get
where,
As the closed-form of Q(r) can not be achieved in practice, it is proposed in [8] to use a third-order polynomial equation to approximate it 
Note that third-order polynomial equation above has three roots, but only one is in the range ( 0 2 r   ). With the assumption that the noise amplitude spectral is known and approximating the expectation E{|Y|} with the instant observation numerical, the clean speech amplitude |S| can be achieved as follows:
, and
The basic procedure of the QASSR approach in (12) is shown in Fig. 1 . Comparing to the traditional amplitude spectral subtraction in (5), the QASSR approach sufficiently considers the phase difference of clean speech and noise signal and thus the improved accuracy of clean speech estimation can be obtained. From Fig. 1 , however, we can see that the minimum suppression ratio for the background noise in QASSR approach is set to 0.25. It is to say that even during the speech absent periods, the residual noise in enhanced speech signals still makes up approximately a quarter of the background noise which definitely degrades the performance of the speech enhancement system. In this section, to solve the residual noise problem in QASSR approach, a modified amplitude spectral estimator is proposed by incorporating the DD and soft decision technique.
Considering the fact that the clean speech signal is not always present at all times or in all frequency bins, we give two hypotheses H i (i=0, 1) for the absence or presence of speech signal in DFT domain as : speech is present, i.e. .
Then the estimator for the clean speech amplitude spectral can be modified as follows
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where P(H 0 |Y) and hypotheses P(H 1 |Y) denote the conditional probability of speech absence and speech presence given the noisy speech Y. it is obvious that when speech is absent, the estimation
And so    
According to Bayes rule, we have
where   Y  is generalized likelihood ratio, which is defined as
The coefficient q is defined as
It is assumed that spectra of clean speech and noise signal are all zero-mean and Gaussian distributed with variances λ D and λ S , respectively, we have
Then the probability distribution function of Y under hypotheses H 1 as well as the generalized likelihood ratio can be achieved as follows
where ξ and γ denote the a priori SNR and a posteriori SNR, respectively. As λ D can be easily estimated using voice activity detection, the performance of speech enhancement system is mainly determined by the a priori SNR estimation. In this paper, the a priori SNR is computed by utilizing the famous DD method at each frame and frequency bin as follows
where α is the weighting factor. max[a] used here is to make the a priori SNR estimation being nonnegative.
  2 1 k S m is the estimated speech spectral in the previous frame. Based on the result in [9] , we set defined q as 1, which result in a smoothed speech absent probability for each frame. Then we will get
Here, we write the output speech amplitude spectral of original QASSR as S p . As much residual noise is retained in S p , we refine the estimation by multiplying an over attenuation factor P(H 1 |Y), and then the final estimation of the speech amplitude spectral can be obtained as
Performance Evaluation
In order to evaluate the speech enhancement performance of the proposed modified QASSR (MQASSR) algorithm, segmental SNR (SegSNR) measure, logarithm likelihood ratio (LLR) measure and perceptual evaluation of speech quality (PESQ) are used as objective quality evaluation metrics [10] . Ten utterances spoken by five female and five male speakers were used as clean speech data. Four types of noise signals from NOISEX-92: white, F-16, HFchannel and Destroyerops cockpit noises were added to the clean speech signals with the input SNRs of 0dB, 5dB and 10dB, respectively. The sampling frequency is 8 KHz, and a 256 samples Hamming window with 50% overlap was used. The weighting factor of the DD approach is set to 0.98 to reduce the musical noise effectively.
The SegSNR is measured by computing the SNR for each frame as well as frequency bin of speech and averaging these SNRs over all tested speech sequences. The SegSNR is defined as follows:
where n is the index of signal samples, N is the frame length, m denotes the frame index, and M is the total number of frames. The logarithm likelihood ratio (LLR) reflects the mismatch degrees between the spectra of clean and enhanced speech, which can be calculated as:
where ŝ  % and s  denote the linear prediction coefficient vector of enhanced and clean speech, and Rs is the linear prediction autocorrelation matrix of clean speech frame. Firstly, we show the waveforms of clean speech, noisy speech, enhanced speeches using QASSR approach and our propose MQASSR approach in Fig. 2 . The background noise is white noise and the input SNR is 5dB SNR. From the figure we can find that the enhanced speech using the QASSR approach still yields much residual noise, which leads to a degraded noise reduction performance. Due to an over attenuation factor being used in our proposed MQASSR approach, it is obvious that there is less background noise residual compare to the referred approach.
Secondly, we carry out the test based on the output SegSNR, WSS and PESQ measures. The average output results of each considered approach are listed in Table 1 for different noise conditions and input SNRs. According to the table, the proposed MQASSR method has an improved performance as reflected by the higher SegSNR results in the tested environments. Meanwhile, the lower WSS are also obtained by the MQASSR method. Since lower WSS lead to less distortion, these results confirm that our approach is superior to the QASSR approach in reducing the speech distortion. It is well known that the PESQ measure is a perceptual evaluation of speech quality, the higher PESQ results in our approach corresponds improved speech quality when compared to the QASSR approach.
Conclusion
The QASSR approach can effectively avoid the unreasonable assumption in traditional amplitude spectral subtraction method, but suffers from much residual noise in enhanced speech signals. To overcome this problem, this paper presented a modified algorithm for further suppressing the residual noise in QASSR approach. The proposed method expressed the speech present probability as an over attenuation factor to refine the estimation of the QASSR approach. As the residual noise was further attenuated during noise-only frames, the output speech quality of the proposed method was markedly improved compared to original method. The results of simulation experiments have proven the modified performance of our approach in view of various evaluation measures.
